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ABSTRACT subband marginal PDFs where orthogonal wavelets are
This paper deals with texture analysis based ortisnale employed as a multiscale decomposition. In a rélageent
stochastic modeling. In contrast to common appresch work [4], Weibull distribution was proposed to mbdee
using symmetric marginal probability density funcis of detail subbands magnitudes employing Dual-Tree daxnp
subband coefficients, experimental manipulatiormasthat Wavelet Transform (DT-CWT).
the symmetric shape assumption is violated for regve The GG distribution was introduced to model theadet
texture classes. From this fact, we propose inghiser to subband coefficients because of the almost heaNgdta
exploit this shape property to improve textureaspect of the empirical PDFs of these coefficietitsis
characterization. We present Asymmetric Generalizeddequate for Super Gaussian (leptokurtic), Gaussian
Gaussian density as a model to represent detailasuls (mesokurtic) and sub Gaussian (platykurtic) behaofahe
resulting from multiscale decomposition. A fastirstion  marginal distribution of subband coefficients. T Hisil
method is presented and closed-form of Kullbaclblezi aspect is directly linked to the Kurtosis which shim't be
divergence is provided in order to validate the eladto a  the only statistic taking into account. Howeverg®kess is
retrieval scheme. The experimental results inditade this also important for modeling textures [2] and GG sign
model achieves higher recognition rates than theresents limitations for fitting asymmetric subband
conventional approach of using the Generalized €ans distribution because its Skewness is null by defini In
model where asymmetry was not considered. order to take into account simultaneously the teatistics
(Kurtosis and Skewness) we present a new moded usin
Index Terms— Image texture analysis, Asymmetric skewed heavy tailed distribution in the framewofkexture
Generalized Gaussian density, Kullback-Leibler Dj)emce, analysis: the Asymmetric Generalized Gaussian tensi
Dual-Tree Complex Wavelet Transform, Texture Retie (AGG) [9], [6], [7].
In this paper, we work with the Dual-Tree Complex
1. INTRODUCTION Wavelet Transform (DT-CWT) proposed by Kingsbury. [8
However others multiscale decompositions can bd (sg.
The accurate characterization of texture is funddate steerable pyramid [2], orthogonal wavelets [1] [3])

in various image processing applications, rangingmf The organization of this paper is as follows: weige
retrieval in large image databases to segmentadioth in section 2 the AGG density model and introducew fast
texture synthesis. deterministic method to estimate the marginal itistion

Over the last decade, numerous works have begmarameters. In section 3 the Kullback-Leibler diesrce
proposed for texture modeling using multiscale ieagbetween AGG densities is derived. Finally, expentak
representations [1] [2] [3]. The conventional sckewf results indicate the significant improvement irrieatal rates
multiscale texture analysis consists of extractfagtures using the new model.
from subband coefficients and uses these featuses a

signature for a specific texture class. Portilld &moncelli 2. ASSYMETRY MODELING
presented a statistical model based on joint #taif
steerable pyramid coefficients [2]. In their worficient PDFs proposed in previous works rely on symmetric

algorithm of texture synthesis was developed givingassumption for the wavelet coefficient histogram[g]. In
increased synthesis quality. However this modelnig  our knowledge, no parametric models explicitly irpmrate
tractable for classification applications due te thrgeness possible non null texture Skewness. Nevertheless) de
of the signature. Some others conventional appesmchWouwer et al [9] defined a multiscale asymmetrynaigre
consist in representing detail subband coefficidntgheir  consisting in an extra texture descriptor defingd b
probability density functions (PDFs). In [1] [3] Geralized i3

Gaussian (GG) density was used as a parametriclrfmde A = I h, (u) = h, (-u)| udu 1)
0




where h_is the histogram of a subband coefficients in scale The Skewness of this distribution can take any vedlie

n =12...Nscand orientationi =1,2...Nor.

Experimental results [9] confirmed that
characterization. However, this non-parametric rhduses
some limitations;
estimation uses histogram computing and
approximation which need more computation.

Overall,
asymmetry of probability distribution. We presenimadel
that explicitly incorporates possible texture asytm The
AGG model is a generalization of the GG one andtrak
not only the forth high order statistic (HOS) buscathe
third HOS: the Skewenss.
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Fig.1. Scatterplot of subbands’ (Skewness,Kurtosis) aupl

Figure 1 shows how AGG density is more suitable t6&
density to respect joint (Skewness,Kurtosis) infation. We
represent a scatterplot of the two statistics d¢aled from 1-
level DT-CWT coefficients of a textured images SEhe
GG domain is represented by the vertical dasheagbtr
line. When GG can only fit zero-Skewness subbaA®G
have by definition a huger domain including the Gt and
can de facto better model the skewed subbands.

2.1 Skewed GG density: the AGG

The PDF of the AGG density with zero mode is given

by [5] [6]:
Aexp—( ju x=<0
tcaB.8)= (B +8)rWa) B ) @
Aexp— i x=0
B +B)rlva) " (B
Wherer It*'l e'dt is gamma function;a >~ Ois the

shape parameter ang, > 0, 8, > Oare left-scale and right-

scale parameters respectively. AGG density exteB@s

wheng =6 =0.

adding
asymmetry signatures resulted in an improved textur

(negative, null or positive):

- 4 4 /8 +ﬂ\ r]/a
=(8* - g (4/a) |~ oL 2D
(8- B )r (@) (6°+ 5P r@a) 3)

The AGG distribution was introduced by Tesei and

it is bins-dependant and sigreatur Regazzoni [5] in order to optimize signal detectiomon-
integraGaussian environments. It is able to describe nkamys of

wavelet coefficients; symmetric, asymmetric, witariable

Skewness is a universal measure of thgnharpness Of marglnal PDFs (Figure 2).
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Fig.2. PDFs differentiated by Skewness and with same shape
parameter

2.2 Second Order Statistics (SOS) estimation

To estimate AGG density parameters Maximum
Likelihood (ML) method was proposed [7]. It usesvesal
steps to find the best value of the shape paramet&his
method provides a better convergence rate for megch
parameter value but does not guarantee converdenbad
initial value. So, ML estimation is inherently colap and
needs a lot of computations. We now develop a &mpl
method that allows us to find model parameters rgithe
one-order absolute moment and the second-order mome
SOS estimation. We note that the proposed estioatebe
used to initialize the ML approach.

We first calculate the k-order momeptsand k-order
absolute moments, in the case of AGG density with
parameteréa, 5, 8.) ; 4, = E(X*) andm, = E(X|").

By using the integral calculation [10]:

beem=ur(7)
Xe* ==u'r| VY
e =Sy @
we establish that
+1 _ 1)k +1
u =B (B
B+A
m = BB Tk +D)a)
B+B  Tla)
We use the second order statistigwith absolute moment

r((k +1)/a)
riya)

for k=12...

2
m, to calculate the ratio= ™ We find:

o)

I Vs

BN TR (5)
where y:ﬂ and p(a) ( (2)/ (l)/ )IS the generalized

Gaussian ratio function.



The value ofy can be estimated by [6][7]: 4, EXPERIMENTAL RESULTS

1 >

N -1 Zxk The experiments give an evaluation of the proposed
p=t_ e (6) model in the framework of texture retrieval. We adost
the same experimental setup presented in [3] [4. Wérk
with 40 texture classes from Brodatz album [12h(Fe 3).
whereN, (N.) is the number ok _samples< 0(=0). From each of these texture images of size 640x64&lsp
. . . 16 subimages of 160x160 are created. A test datadfe10
An unbiased estimate ofis: . . - . :
" texture images is thus obtained. A query imageysane of
;= (Z|Xk|) ) these images in the database. The relevant image=ath

query are the other 15 images obtained from theesam

X2
A very good a rox%na:ion o,b(a) and its inverse was original 640x640 image. We must note that this skttavas
Y9 PP not selected in any way to contain textures thaiwel

proposed in [11], that leads to a fast and det@stitrshape  gpecific asymmetry. Statistical analysis of all goned

parameter estimation. So, we propose to estimat&s AGasymmetry parameter mentioned above (1) showedttteat
parameters using the following algorithms: 90" quantile is equal to 9.68 £0

1-we calculat® usingy andr estimation above, (6) and (7):
|£2: f(j}s +l)(}7+l)

(}72 + 1)2 (8) B2t bme
2-According to R value we estimatea using the : , !
approximation of the inverse generalized Gaussitin[i1]: e T Dzmor T Dttme Dumme meme b Dmmme DR

a=p"R) © i
3-finally we estimate left and right scale paramete i
e
10 S

Fig.3. Selection of images from Bordatz album: from tofottom

3. SIMILARITY MEASURMENTS BETWEEN AGG and left to rightD6, D8, D11, D16, D17, D18, D20, D21, D24, D26,

DISTRIBUTIONS D28, D32, D33, D34, D47, D49, D51, D53, D55, D56,7DD64, D65,
D66, D75, D76, D77, D78, D82, D83, D84, D85, D8B2DDYS, D101,
The conventional scheme of multiscale texture agly ) D102, D103, D104, D110.
consist in extracting features from subband coieffiis and The Kingsbury's DT-CWT is employed to have a

use them as a signature associated with an apptepri multiscale image representation with six complexaitie
distance to distinguish several texture classeenfthat subbands at each level. Advantages of the DT-CWiTbea
several probabilistic distances can be used, Do\aiterli  resumed in its nearly shift invariance and direwio
justified the use of Kullback-Leibler divergencel(®) to  selectivity. We use Kingsbury's Q-Shift (14,14)tfers in

have relevant results in retrieval application [3]. combination with (13,19)-tap near-orthogonal fiit¢t3].
i 1 . I . pr
ConS|der|ng two AGG . PDFSaggl (X'a1’B1’B1 ) and GG vs AGG Recall-Precsion Weibull vs AGG Recall-Precsion
agg, (x;a,,B; B;), KLD is defined by: AR E == i
_ o | 299908 8) 0 } o8
KLD(agg, agg,) = aggl(x,al-ﬁl,ﬁl)'n(aggz B p 5 0 *\ 5 os ‘\
We calculate a closed-form expression of KLD using§ 04 [-~-GG § 04f [ =~ — weibul
the integral expression (4), we find: 0.2 ABS 0.2 Ace
al(ﬁ; +,8;)r[iJ I v an r[az +1j % 02 o4 o6 o8 1 % 02 04 06 o8 1
KLD(agg aggz): n )|, BB T +B B " a, Recall Recall
’ alg g L) AATEea) [ (a) (b)
S V4 a, Fig.4. Recall-Precision curves showing the impact impnoset of

skewed model, with DT-CWT and 1 scale

1
al



First, we tested the impact of using a skewed mbuyel
comparing the performance of retrieving. The cotiosl
criterion on recall/precision shows the improvemenfl] G. Van de Wouwer, P. Scheunders, and D. VankDyc
obtained with the skewed model AGG (Figure 4 (a)). “Statistical texture characterization from discretavelet

Second, we compare the performances of the proposeepresentations,Image Processing, IEEE Transactions on
skewed model with those obtained using Weibullvol. 8, 1999, pp. 592-598.
distribution to model DT-CWT coefficients magnitu¢d.  [2] J. Portilla and E.P. Simoncelli, “A Parametiiexture
As we can see in Figure 4 (b), AGG model outperformModel Based on Joint Statistics of Complex Wavelet
Weibull model. But we must note that Weibull modiels  Coefficients,” International Journal of Computesiin, vol.
three times less parameters to be estimated. 40, 2000, pp. 49-70.

[3] M.N. Do and M. Vetterli, “Wavelet-based texture

retrieval using generalized Gaussian density antbkck-

Leibler distance,TEEE Trans. Image Processingol. 11,

2002, pp. 146-158.

[4] R. Kwitt and A. Uhl, “Image similarity measuremt by

Kullback-Leibler divergences between complex watvele

subband statistics for texture retrievdifiage Processing,

2008. ICIP 2008. 15th IEEE International Confererarg

‘ _ 2008, pp. 933-936.

Fig.5. models convergence comparison [5] A. Tesei and C.S. Regazzoni, “The Asymmetric
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for Generic Noise Pdfs,’Proceedings of the 8th IEEE
Signal Processing Workshop on Statistical Signal Array
Processing (SSAP'9GEEE Computer Society Washington,
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